An effective way to optimize traffic structures is by changing travel costs, thereby moving travelers from private transportation to public transportation. However, according to the existing studies, the traveler will not transfer from one mode to another unless the change in travel utility is greater than the indifference threshold. Therefore, the "indifference threshold" is one of the most important factors influencing a traveler's choice of behavior. This study defines the "indifference threshold" as the traveler's sensitivity to changes in travel utilities. In the framework of the theory of planned behavior (TPB), a structural equation model (SEM) considering the indifference threshold is established to analyze a traveler's mode choice behavior. The analysis results showed that a travelers' sensitivity to changes in travel utilities has the greatest impact on mode-choice behavior intentions and mode choice behavior. Perceptual behavior control has the strongest influence on travel choice behavior. In addition, in order to further explore the heterogeneity of a traveler's behavior, the travelers were subdivided into four types, by establishing a latent class model (LCM) considering the indifference threshold. Finally, different traffic management suggestions are proposed for different types of travelers.
Introduction
Reducing the travel cost of public transportation (such as building a bus lane) or increasing the travel cost of private transportation (such as increasing the parking fees in central areas of the city) are effective ways to optimize traffic structures, to promote sustainable transportation development, and to help travelers transfer from private transportation to public transportation [1] . However, according to the satisfactory decision theory proposed by Simon [2] and the related research of many subsequent scholars [3] [4] [5] [6] [7] [8] [9] [10] [11] , only when a change in travel utility is greater than a certain threshold (i.e., the indifference threshold) is it possible for the traveler to transfer from one mode to another. Therefore, the "indifference threshold" is one of the important influencing factors for a traveler's choice behavior, and it is also one of the factors that influences whether a traffic demand management policy can be effectively implemented [12] .
The concept of the indifference threshold stems from psychology's experiments on perceived indifference. As reported in Guilford [13] , the concept of the perception threshold was first proposed by Herbart. Later, Weber came up with a concept called "just noticeable difference". The classical psychology of Fechner, Miller, and Wundt focused on how this threshold was determined. Classical economists have also proposed the concept of "indifference". Slutsky first used the indifference curve to analyze a consumer's choice behavior. Simon [2] proposed a satisfactory decision-making criterion, arguing that individuals follow satisfaction criteria rather than optimal criteria when making decisions. Quandt [14] proposed the concept of the indifference band of commodity utility. Georgescu-Roegen [15] introduced the concept of threshold into the theory of consumer choice, suggesting that consumers will not change their choices unless the utility difference exceeds a certain "necessary minimum". In 1977, Krishnan [3] introduced the concept of the indifference threshold into the study of travel behavior in the field of transportation. He defined the indifference threshold as the "minimum perceivable differences" between the utilities of two alternatives and proposed a minimum perceivable difference (MPD) model. Then, Lioukas [4] extended Krishnan's binary theory to multiple alternative situations using a multinomial logit model. Later, the "indifference threshold" was gradually applied to the study of traffic problems, such as mode choice behavior, departure time choice behavior, route choice behavior, the optimal transit fare, and the day-to-day evolution of traffic flow. For example, Mahmassani et al. [5] [6] [7] introduced the concept of the indifference threshold into the bottleneck model, and studied the problem of departure time choice considering the travelers' bounded rationality. Di et al. [8] studied the change of a traveler's route choice behavior after adding a new path to the original road network. The analysis results show that travelers will move to a new path only if using a new path can save travel time beyond a certain threshold. Carrion and Levinso [9] studied the traveler's route choice behavior based on GPS data. They found that a threshold exists in the route choice decisions of travelers. When the threshold exceeds the travel time of a certain road, travelers will abandon this road and move to another one. Tao and Hongzhi [10] assumed that decision-makers could make accurate judgments when the utility difference between alternatives is large enough. However, when the utility difference between alternatives is less than a certain extent, the decision maker will choose the path according to his preference (or choose randomly). Next, a boundedly rational binary logit (BRBL) model was presented. Recently, Xinjie et al. [11] extended this model and proposed the boundedly rational nested logit (BRNL) model.
In summary, the existing research in the field of transportation mostly considers the influence of the "indifference threshold" from the perspective of travel utility. However, from the view of psychology, the "indifference threshold" can be understood as a traveler's sensitivity to changes in travel utility. Many scholars have studied the influence of psychological factors on travel behavior [16] [17] [18] [19] . For example, Christian et al. [20] established a structural equation model based on the theory of planned behavior, and discussed the influence of psychological factors such as "behavioral intention", "subjective norms", "behavioral habits", and "external environment" on environmentally friendly travel behaviors. Lei et al. [21] built an unsafe cycling behavior model for cyclists based on planned behavior theory. Jian [22] analyzed the travel psychology of residents in public transportation, and proposed that the characteristics of travelers would indirectly affect the travel behavior through the psychological latent variables of the planned behavior theory. Based on the original planned behavior theory, Peng [23] introduced descriptive norms and latent variables of behavioral habits, and explored the influences of psychological factors on behaviors and intentions in the selection of inter-city travel modes in the metropolitan area, by establishing a regression model.
In recent years, the multi-criteria decision making (MCDM) approach have been adopted by some studies to solve transportation problems. For example, Duleba and Moslem [24] introduced a decision making model combining analytic hierarchy process (AHP) with Kendall rank correlation and an extra level of stakeholder significance in the decision. They examined the preferences of different stakeholder groups (passengers, potential passengers, and local government) and created an acceptable coordination for an ultimate, sustainable decision. Ghorbanzadeh et al. [25] applied an interval analytic hierarchy process (IAHP) dealing with the inconsistencies and uncertainties of users responses, by comparing the results of passengers to reference stakeholder groups. However, these studies on the impact of psychological factors on travel behaviors have rarely considered the impact of travelers' sensitivities to changes in travel utility.
In addition, scholars have also found that there is significant heterogeneity among travelers' choice behaviors [26, 27] . Therefore, some studies have applied the latent class model to analyze the heterogeneity of travelers. Latent class analysis comes from the concept of factor analysis put forward by Spearman in 1904 [28] . As a result of Joreskog and Lazarssfled, and Henry's subsequent contributions [29] , latent class models have become widely used. The application of this model in the traffic field mainly focuses on traffic behavior analysis. For example, Greene [30] compared the latent class model with the mixed logit model. The results showed that the latent class model had the advantage of semi-parameterization, which enables researchers to avoid making too strong conditional assumptions about the distribution of individual heterogeneity. Wen et al. [31] used the latent class model to study the preference of passengers to choose international airlines, and divided passengers into four categories.
To sum up, studies about the impact of psychological factors on travel behaviors and the classification of travelers have rarely considered the impact of the "indifference threshold of the change in travel utility" on travelers' behaviors. Therefore, this study defines the "indifference threshold" as a traveler's sensitivity to changes in travel utility. Based on the framework of the theory of planned behavior (TPB), "the sensitivity to a change in travel utility" is considered to be a psychologically influencing factor of travel behavior. Based on the data of the travel behavior survey, the structural equation model (SEM) considering the indifference threshold was established, and the influence factors of travelers' choices between private transportation and public transportation were analyzed. In addition, in order to further explore the heterogeneity of travelers' mode choice behaviors, travelers were subdivided into different types by establishing a latent class model considering the indifference threshold. Finally, different traffic management suggestions are proposed for different types of travelers.
The remainder of this paper is organized as follows: The next section introduces the research framework and research methods. Section 3 describes the data collection and analysis. The model estimation and subdividing results are presented in Section 4. Section 5 elaborates on the conclusions of the present research and proposes corresponding measures and suggestions, as well as future research work.
Methodology

Model framework
Based on the existing research, this paper defines the indifference threshold as follows: Definition 1: "Indifference threshold" refers to the change in travel utility that enables a traveler to move from one travel mode to another. That is, only when the change in travel utility is greater than the indifference threshold will travelers move from their current travel mode to another. The indifference threshold represents the degree of the travelers' sensitivity to changes in the utility of their travel modes. The smaller the indifference threshold is, the higher the traveler's sensitivity is.
This study considers the influence of a "travelers' sensitivity to the change in the utility of travel mode" within the framework of the classic theory of planned behavior (TPB). Based on the survey data of travel behavior, the structural equation model of travel mode choice with the indifference threshold is established, and the psychological factors of travelers when they choose two kinds of travel modes (private transportation and public transportation) are analyzed. In addition, in order to further explore the heterogeneity of the travelers' mode choice behaviors, the travelers are subdivided into different types by establishing a latent class model considering the indifference threshold. The framework of the models is shown in Figure 1 . According to the theory of planned behavior (TPB), behavior is directly affected wholly or partly by intention, attitude, subjective norm and perceived behavior control. Based on the TPB, "the sensitivity to a change in travel utility" is considered to be a psychological factor of travel behavior, and a theoretical model of the relationship between psychological factors and behavioral intentions and behaviors was constructed in this paper, as shown in the first part of Figure 1 . The constructed model includes five latent variables: attitude (ATT), subjective norm (SN), perceived behavior control (PBC), sensitivity to change in travel utility (SEN), and behavior intention (BI). Among them, BI is an intermediary variable, and the result of behavior is whether to choose public transportation. Based on the analysis of the relationship between psychological factors and mode choice intention and behavior, the heterogeneity of travelers' behavioral intention and preferences were further explored, and the latent class model was used for tourist segmentation, as shown in the second part of Figure 1 . This paper comprehensively considers the combination of personal attributes, psychological factors, and sensitivity to change in travel utility, to carry out segmentation research. Suppose that there is a potential variable X that represents travelers' preferences for different travel modes. Obviously, each traveler has different preferences, however, travelers with similar preferences can be grouped into one category. Therefore, a latent class model is established in this paper, and the latent variable is determined to obtain the final number of categories. 
The Structural Equation Model
Structural equation modeling (SEM) can transform potential variables, such as attitude, into statistical models [32] . SEM is a data statistical method used to analyze the relationship between observable variables and potential variables, as well as the internal relationship between potential variables. SEM has not only been widely used in the social sciences but also in the study of travel behaviors [33, 34] . Compared with other known techniques for applying latent variables, e.g., principal component analysis (PCA), SEM is more suitable for the objective of this study because PCA assumes the existence of the latent variables, yet cannot define them, and the latent variables are a priori well defined in SEM. SEM includes a measurement equation and a structural equation. The measurement equation is used to describe the relationship between explicit variables and latent variables, and the structural equation is used to describe the internal relationship between the latent variables. The expressions are as follows:
Equation (1) is the measurement model of the exogenously observed variables, where Y is a vector made up of exogenous variables, Λ Y represents the factor loading matrix of Y in ξ, ξ is a vector composed of exogenous latent variables, and ε represents the measurement error vector.
Equation (2) is the measurement model of the endogenous variables, where Z is a vector of the endogenous variables, Λ Z represents the factor loading matrix of Z in η, η is a vector composed of endogenous latent variables, and η represents the measurement error vector.
Equation (3) is the structural model that is mainly used to verify the causal relationship between factors, where B is the coefficient matrix, which represents the interaction between the endogenous latent variables, Γ is the coefficient matrix, which represents the influence of each exogenous latent variable on each endogenous latent variable, and ζ is the residual vector of the structure equation.
In this model, the selection of observation variables corresponding to attitude, subjective norms, perceptual behavior control, and travel intentions is shown in Table 1 . Table 1 . Variables in the model.
Latent Variable Observed Variable
Attitude (ATT) Public transportation is cheaper (ATT1) Public transportation saves time (ATT2) Public transportation is safer (ATT3) Public transportation is more punctual (ATT4) Public transportation is more convenient (ATT5) Public transportation is more comfortable (ATT6)
Subject norm (SN)
Choosing public transportation is influenced by the attitudes of friends and relatives (SN1) Choosing public transport is influenced by television, internet and other media and public opinion (SN2) Public transportation is influenced by the government's preferential measures (SN3)
Choosing public transportation because the families do (SN4)
Perceived behavior control (PBC) Public transport stations are easily accessible (PBC1) Public transport has short waiting times (PBC2) Public transport is easy to transfer (PBC3) Easy access to public transport stations (PBC4) Public transportation utilities as a percentage of income are low (PBC5) Car travel accounts for a high proportion of income (PBC6)
Behavior intention (BI) I have a strong intention to choose public transportation (BI1) I plan to choose public transportation instead of private transportation (BI2) I would like to encourage people around me to choose public transportation (BI3)
In this study, SEM was selected to analyze the relationship among variables of the travel mode choice behavior within the theoretical framework of planned behavior. According to the aforementioned theoretical framework of planned behavior, considering the indifference threshold, the following assumptions were proposed for the model: Hypothesis (H3). The perceived behavioral control is positively correlated with the behavior intention.
Hypothesis (H4). The perceived behavioral control is positively correlated with the behavior.
Hypothesis (H5). A traveler's sensitivity to changes in travel utility is positively correlated with the behavioral intention.
Hypothesis (H6). A traveller's sensitivity to changes in travel utility is positively correlated with the travel mode choice behavior.
Hypothesis (H7). The behavioral intention is positively correlated with the behavior of mode choice.
Hypothesis (H8). The perceived behavioral control is positively correlated with their sensitivity to changes in travel utility.
Latent Class Model
When studying the mode choice behavior of travelers, the individual attributes and psychological factors of different travelers affect their preference of mode choice. Suppose there is a potential variable X that represents travelers' preferences for different travel modes. Obviously, each traveler has different preferences, however, travelers with similar preferences can be grouped into one category. Although it is difficult to measure individuals' travel preferences directly, it can be seen from the above analysis that there is a complex statistical correlation between traveler preference and traveler attributes, attitudes, subjective norms, perceptual behavior control, sensitivity to utility difference between modes, and other psychological factors. Therefore, a traveler's attributes, psychological factors, and sensitivity to the utility difference between modes can be taken as explicit variables to establish a latent class model, as well as to further subdivide travelers into different categories and explore the heterogeneity of traveler mode choice behaviors.
Assuming that there are three explicit variables A, B, and C in the model, the mathematical expression of the latent class model (LCM) is:
subject to:
where π ABC ijk represents the joint probability of the LCM. π x t is the probability that the observation data belongs to a specific latent class t (t = 1, 2, 3, . . . ,T) of a latent variable X, (that is P (X = t), t = 1, 2, . . . ,T); π AX it is the conditional probability that an observation has response i (i = 1, 2, . . . , I) to the manifest variable A given that the observation is in latent class t; π BX jt is the conditional probability that an observation has response j (j = 1, 2, . . . , J) to the manifest variable B, given that the observation is in latent class t; π CX kt is the conditional probability that an observation has response k (j = 1, 2, . . . , K) to the manifest variable C, given that the observation is in latent class t.
These conditional probabilities can be used to illustrate the relationship between each latent class and explicit questions, which can help the researcher to explain the content and nature of each latent class. In each latent class, a large conditional probability value indicates that the latent variable has a strong influence on the explicit variable.
In LCM, the maximum likelihood method is mainly used to solve the model. According to the number of classes, the joint probability, latent class probability, and conditional probability of each class are calculated separately [28] . LCM fitness test methods mainly include likelihood ratio chi-square statistics, AIC (Akaike information criterion), BIC (Bayesian information criterion), entropy, and significance level to comprehensively evaluate the accuracy of the classification model. The number of classes is increased one by one from one class, and the value of the test parameters corresponding to each class is compared.
Data Collection and Analysis
Data collection in this study was done in the form of a network questionnaire. The survey was conducted in July 2019 and lasted for two weeks. The respondents satisfied the following four conditions simultaneously: (1) The respondent works in Beijing; (2) the respondent's family has at least one car; (3) the respondent has a driver's license; (4) the respondent used to travel in the subway in Beijing.
The questionnaire consists of three parts: (1) respondents' socioeconomic attributes; (2) public transportation travel scale information; and (3) travelers' sensitivity to the change in travel utility. The second part of the scale is mainly used to measure the psychological variables of travel mode choice behavior within the framework of planning behavior theory. Four basic variables, ATT, SN, PBC, and BI, were constructed in TPB using the Likert five-level scale. The problem setting refers to Table 1 . The options in the scale are "strongly disagree", "disagree", "general", "agree", and "strongly agree", with values ranging from 1 to 5. The third part sets the scenario questions. The respondents were requested to answer whether they would switch from private transport to public transport if the utility of private transport, such as the parking fee or travel time, increased.
Descriptive Statistical Analysis
In total, 242 questionnaires were sent and recovered. Among them, 212 questionnaires were valid, with a validity rate of 87.6%. As shown in Table 2 , among the valid questionnaires, 50.5% were male and 49.5% were female. For age, 31-40 years old accounted for 65.1% of the total; employees of enterprises accounted for the greatest number, accounting for 57.5%, followed by employees of government offices/public institutions, accounting for 18.4%. The education level was mainly undergraduate, accounting for 43.4%, followed by graduate and junior college, accounting for 28.8% and 22.6%, respectively. Personal monthly income of less than 4000 accounted for 13.2%, 4000 to 10,000 accounted for 50.5%, and 10,000 or more accounted for 36.3%. The majority of the families include three or more residents, accounting for 84%.
The survey measures travelers' sensitivities to changes in travel utility from two dimensions: time-cost and expense-cost. According to the respondents' answers, it can be seen that when only the time-or expense-cost of a certain travel mode is changed, and the other conditions remain unchanged, the change in cost that can facilitate a mode shift (i.e., the indifference threshold) is different for different travelers. That is, different travelers have different levels of sensitivity to changes in travel cost. As shown in Table 3 , according to the respondents' answers, we divided the travelers into three categories through the simplest cluster analysis: High sensitivity to a change in travel cost, neutral sensitivity to a change in travel cost, and low sensitivity to a change in travel cost. 
Cross-Analysis of Personal Attributes-Sensitivity to Changes in Travel Cost
We analyzed the relationship between individual attributes and sensitivity to changes in travel cost by crosstab.
Analysis of the Sensitivity of Travelers of Different Genders to Changes in Cost
The sensitivity of travelers of different genders to cost change is shown in Figures 2 and 3 . According to the survey results, female travelers are the most sensitive to changes in time-cost among respondents, while sensitivity to changes in the expense-cost of different genders is basically the same. 
Analysis of the Sensitivity of Different Aged Travelers to Changes in Travel Cost
The sensitivity of travelers of different ages to changes in travel cost is shown in Figures 4 and 5 . According to the survey results, travelers aged 18 to 30 have the highest sensitivities to changes in time-cost and expense-cost, followed by travelers aged 31 to 40. Conversely, travelers aged 41 to 60 have the lowest sensitivities. 
Analysis of the Sensitivity of Travelers with Different Occupations to Changes in Travel Cost
The sensitivity of travelers with different occupations to changes in travel cost is shown in Figures 6  and 7 . According to the survey results, among the respondents, students were the most sensitive to changes in expense-cost, while the staff of government and public institutions and enterprises were the most sensitive to the changes in time-cost between modes. 
Analysis of the Sensitivity of Travelers with Difference Incomes to Changes in Cost
The sensitivity of travelers of different incomes to a change in cost is shown in Figures 8 and 9 . According to the survey results, among the respondents, high-income travelers with a monthly income of more than 20,000 have the highest sensitivity to changes in time-cost, while their sensitivity to a change in expense-cost is the lowest. 
Data Analysis
Reliability Test
The Cronbach's alpha coefficient (α coefficient) was used to test the reliability of the questionnaire to determine whether the measurement items are highly consistent with the variables. It is generally believed that, when α ≥ 0.7, the consistency and the reliability is high; when 0.5 ≤ α < 0.7, the consistency and the reliability is acceptable; and when α < 0.5, the consistency and the reliability is low. The reliability test results showed that the Cronbach's alpha coefficients of ATT, SN, PBC, BI, and SEN were 0.853, 0.895, 0.929, 0.908, and 0.691, respectively, indicating that the variables had good internal consistency.
Validity Test
We used the SPSS software to test the structural validity of the scale through exploratory factor analysis. SPSS is a combined software package. The basic functions of SPSS include data management, statistical analysis, chart analysis, output management and so on. It provides statistical analysis methods ranging from simple statistical description to complex multi-factor statistical analysis, such as exploratory analysis of data, statistical description, crosstab analysis, variance analysis, multiple regression, factor analysis, cluster analysis, nonlinear regression, logistic regression, etc. The results of the Kaiser-Meyer-Olkin (KMO) test and Bartlett's spherical test of the scale showed that KMO = 0.845 (greater than 0.7), and the Bartlett's spherical test value was significant (Sig. <0.001), indicating that there was a strong correlation between the observed variables, which were suitable for factor analysis.
The factor loading matrix was orthogonally rotated by the maximum variance method. After removing ATT1 and PBC6, whose factor loading values were less than 0.5, all factor loading values were greater than 0.5. The results are shown in Table 4 , indicating that the scale had good structural validity. .0 was used for confirmatory factor analysis to test the fitness of the model. AMOS 4.0 is an independent product of SPSS Statistics software package and a powerful structural equation modeling tool. AMOS 4.0 shows the relationship between the assumed variables with an intuitive path diagram and offers more options for advanced SEM methods, enabling richer and more accurate synthesis than using factor or regression analysis alone. The results are shown in Table 5 . It can be seen from the results in the table that all the fitness indexes of the model meet or basically meet the standards. In general, the model fits well, which indicates that the hypothesized theoretical model fits well with the actual data, as the model results are convincing. 
Results and Discussion
Analysis of SEM Estimation Results
The estimated results of the standardized path coefficients among the potential variables are shown in Figure 10 , and the path coefficients and significance are shown in Table 6 . Figure 10 and Table 6 , it can be seen that ATT and SN have significant positive effects on BI. Among them, the path coefficient between ATT and BI is 0.211, showing a significant causal relationship (p = 0.004), and the path coefficient between SN and BI is 0.280, showing a significant causal relationship (p < 0.001). The path coefficient between PBC and BI is 0.159, but its influence does not reach the significance level (p = 0.057), indicating that there is no significant causal relationship between the two. The path coefficient between PBC and SEN is 0.258, and the significance level passes the test (p = 0.005), indicating that PBC has a significant positive impact on SEN. PBC and BI have significant positive effects on mode choice behavior, with a path coefficient and significance level of 0.215 (p = 0.003) and 0.189 (p = 0.014), respectively. In addition, SEN has significant positive effects on BI and mode choice behavior. The path coefficients are 0.258 (p < 0.001) and 0.208 (p = 0.013), respectively, indicating that the more sensitive travelers are to changes in cost, the stronger their intention to choose public transportation and the more inclined they are to choose public transportation. Among respondents, the sensitivity to change in expense-cost (SEN2) has a greater impact, indicating that the more sensitive travelers are to changes in expense-cost, the more inclined they are to choose public transportation.
Analysis of LCM Estimation Results
Selection of Explicit Variables
Individual travel mode choice behavior is affected by personal attributes, attitudes, subjective norms, perceived behavior control, sensitivity to changes in travel utility, and other factors. After several trials, we ultimately decided on individual gender (SEX), income (INCOME), attitude toward public transport punctuality (ATT4), the influence of the media and public opinion (SN2), public traffic waiting time (PBC2), and sensitivities to changes in time-cost and expense-cost (SEN1 and SEN2) as explicit variables. The results are shown in Table 7 . This study uses the Mplus software to estimate the model parameters. The number of potential categories increases one by one. The best model, and the parameter estimation results, were obtained by comparing the results of a goodness-of-fit test. The fitness indexes of different LCM categories are shown in Table 8 . The results showed that neither the χ2 test nor the G2 test rejected the hypothesis (p > 0.05), suggesting that a potential category model could be established. As the number of categories increases, the BIC index increases. The AIC index decreases first and then increases when the number of categories is five. As the sample size of this study is relatively small (N = 212), the AIC index is taken as the main standard, with four categories in the final selection model. (2) Parameter Estimation and Reliability Test
The travelers in the sample were divided into four latent classes through a goodness-of-fit test, and the maximum likelihood method was adopted for parameter estimation. The results are shown in Table 9 . In order to illustrate the credibility of the classification results of the model, the attribution probability matrix for the determined categories is calculated, and the results are shown in Table 10 . It can be seen that the travelers of each category have a high probability of belonging to each potential category-respectively, 0.934, 0.946, 0.886, and 0.976, and the misjudgment rate among all the categories is very low, indicating that the classification effect is good. The options in the scale are "strongly disagree", "disagree", "general", "agree", and "strongly agree", with values ranging from 1 to 5. The legends of Figures 16 and 17 are respondents' sensitivity to the changes in time-cost and expense-cost respectively, that is, high sensitivity to a change in cost, neutral sensitivity to a change in cost, and low sensitivity to a change in cost. It can be seen from Figure 11 that, in the CL3 category, the proportion of female travelers is relatively high, while in the other three categories, the proportion of male travelers and female travelers is similar, which is close to the gender distribution of the survey samples.
According to Figure 12 , low-income travelers account for a higher proportion in the CL3 category, while high-income travelers account for a higher proportion in the CL1, CL2, and CL4 categories.
As can be seen from Figure 13 , the CL2 category has the lowest positive evaluation on public transport punctuality; 51.8% of travelers strongly disagree that choosing public transport is more punctual. The CL3 category has the highest positive evaluation of public transport punctuality, as the proportion of travelers who strongly agree that choosing public transport is more punctual reaches 62.2%. The CL1 and CL4 categories are similar; their evaluations of public transport punctuality are neutral and positive.
As can be seen from Figure 14 , the influence of media and public opinion on CL3 travelers is polarized. Here, 44.7% of CL3 categories have a score of 5, while 26.7% have a score of 1. The rest are neutral. Among the CL2 travelers, 25% of the travelers scored 5, 27.1% of the travelers scored 1, and 30.9% of the travelers scored 2. The overall evaluation was low, suggesting that the CL2 category was not easily affected by media and social public opinion. CL1 mainly focuses on scoring 2, 3, and 4, which are evenly distributed. Similar to CL1, CL4 mainly focuses on scoring 3 and 4, which are mostly neutral. Figure 15 shows that CL2 travelers have the lowest evaluation of public transport waiting time, while CL3 travelers have the highest positive evaluation of public transport waiting time. CL1 and CL4 travelers' evaluations of the public transport waiting time are mostly neutral and positive.
From Figure 16 , it can be seen that CL1 travelers have the highest sensitivity to changes in time-cost-that is, the change in time-cost that can facilitate a mode transfer is smallest for this type of traveler. CL3 travelers have high sensitivity, while CL2 and CL4 travelers have low-neutral sensitivity.
As can be seen from Figure 17 , CL1 travelers have the highest sensitivity to changes in expense-cost-that is, the change in expense-cost that can facilitate mode transfer is lowest for this type of traveler. CL3 travelers have high sensitivity, CL4 travelers have low-neutral sensitivity, and CL2 travelers have the lowest sensitivity.
To sum up, the naming and policy suggestions for different types of travelers are as follows: CL1: Rational decision making. This kind of travelers' evaluations of public transportation punctuality and waiting time are neutral and positive. The travelers have no extreme feelings about the media and public opinion. However, their sensitivities to changes in time-cost and expense-cost are the highest. This type of traveler should be the main target for priority development strategies for public transport and economic leveraging. Reducing the travel time-cost of public transportation (for example, improving the service frequency of public transportation or setting up bus lanes) or increasing the expense-cost of private transportation (for example, raising parking fees in downtown areas or imposing congestion pricing) can attract such travelers to use public transportation.
CL2: Focus on feeling. These kinds of travelers have high incomes, low evaluations of public transportation punctuality and waiting time, and are not easily influenced by media and public opinion. They are also not sensitive to changes in the time-cost and expense-cost. It is speculated that such travelers prefer private transportation. Therefore, this group of people is the main target of restrictive development strategies and travel prohibition strategies. Such travelers who use private transportation will be transferred to public transportation through measures such as traffic restrictions.
CL3: Sensitive to cost. Female travelers in this category account for a relatively high proportion, and their income levels are lower than those in other categories. They are sensitive to changes in time-cost and expense-cost and have the highest positive evaluation of the punctuality and waiting time of public transportation. The influence of media and public opinion on these travelers is polarized. CL3 travelers have the highest positive evaluation of public transport and are very sensitive to changes in cost. Therefore, travelers of this type who often use public transport can be stabilized by priority development strategies for public transport, such as establishing bus lanes or increasing the preferential treatment for public transport. In addition, private traffic users among such travelers could be encouraged to transfer to public transportation by increasing parking fees in central areas or increasing enforcement of parking violations.
CL4: Bounded rational decision making. The income level of such travelers is above average. These travelers are not sensitive to changes in time-cost and expense-cost. Their evaluation of the punctuality and waiting time of public transportation is neutral. The influence of media and public opinion on them is not obvious. It is speculated that the mode choice behavior of such travelers is relatively random. Therefore, these types of travelers could be encouraged to use public transit by restraining private traffic and prioritizing the development of public transport, such as improving the convenience and comfort of public transport, strengthening the publicity of public transport to encourage bus travel, and implementing car restrictions.
Conclusions
In this paper, "sensitivity to the change in travel utility" is considered a psychological factor that influences travel behavior. Based on the data of the travel behavior survey, a SEM considering indifference threshold was established, and the influencing factors behind travelers' choices between private transportation and public transportation were analyzed. The analysis results show that: (1) Travelers' sensitivities to changes in travel utility have a great impact on mode choice intention and mode choice behavior. (2) The influence of subjective norms on mode choice intention is secondary to a traveler's sensitivity to the utility difference between modes. (3) The influence of attitude on mode choice intention is secondary to subjective norms. (4) Perceptual behavior control has the strongest influence on travel choice behavior.
In addition, in order to further explore the heterogeneity of a traveler's mode choice behavior, travelers were subdivided into different types by establishing an LCM considering the indifference threshold. Finally, different traffic management policies are proposed for different types of travelers. The results show that: (1) Rational decision-making travelers should be the main object of priority development strategies for public transport and economic leveraging. (2) The travelers focused on feeling should be the main targets of restrictive development strategies and travel prohibition strategies. (3) For cost-sensitive travelers who often use public transportation, a priority development strategy of public transportation can be adopted to stabilize this type of transportation, and a restrictive development strategy can be adopted to guide the private traffic users among such travelers to switch to public transportation. (4) Travelers with limited rational decision-making can be guided in two ways: By controlling private transportation and by giving priority to the development of public transport. This paper investigates travel mode choice by the sensitivity of the travellers. However, there are still some limitations. For example, the TPB assumes that behavior is the result of a linear decision-making process, and does not consider that it can change over time. Future research can focus on the dynamic evolution of travelers' mode choice behavior over time. At the same time, the influence of other factors and various combinations of factors can be studied.
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